The relative fitness of drug resistant versus susceptible bacteria in an environment dictates resistance 30 prevalence. Estimates for the relative fitness of resistant Mycobacterium tuberculosis (Mtb) strains are 31 highly heterogeneous and mostly derived from in-vitro experiments. Measuring fitness in the field 32 allows us to determine how the environment influences resistance spread.
63
Within Mtb, it has been shown that the appearance of drug resistance mutations affects fitness 64 [10] [11] [12] . These previous studies have shown that resistant Mtb is, usually, less fit than susceptible Mtb 4 severe. For Mtb this split is especially pertinent due to the importance of the latent, non-infectious, 73 stage of disease.
74
Also highly important for Mtb is the spatial location of transmission [16] . Few studies have 75 considered the critical influence of household structure on transmission of Mtb. To our knowledge, no 76 studies have considered the spread of drug-resistant tuberculosis in the context of a household-77 structured stochastic mathematical model.
78
The difference in definitions of fitness and corresponding experimental data makes translation from 79 data analysis to predictive mathematical modelling difficult. Here, we tackle this problem by fitting a 80 mathematical model to a detailed data set on the transmission of Mtb strains collected in a large 81 cohort study of households undertaken in Lima, Peru between 2010 and 2013 [17] . We derive 82 estimates of fitness in this specific setting with different fitness definitions (either effects on 83 transmission and/or progression to disease) and test the robustness of these estimates under a range of 84 assumptions. These parameters will allow for better predictions of future MDR-TB levels and an 85 improved understanding of MDR-TB spread. The details of the study and participants can be found in [17] . Briefly, 213 and 487 households were 90 recruited with an index case of diagnosed MDR-or DS-TB respectively during 2010 to 2013.
91
Households were followed up for variable periods of time up to a maximum of 3 years ( Figure S1 ).
92
During the study households were visited every 6 months, and household contacts were monitored for 93 TB 
97
The specific data used to calibrate the model was 1) the incidence of MDR-TB and 2) DS-TB 98 in households with an index DS-TB case and 3) the incidence of MDR-TB and 4) DS-TB in 99 households with an index MDR-TB case ( Table 1 ). The percentages of incident cases with resistance 100 profiles matching the index was used to multiply the incidence levels accordingly. 6 was explored in sensitivity analysis where we also considered density-dependent transmission. All 115 natural history parameters were taken from the literature, are listed in Table 2 and 
121
Our main outcome was the impact of resistance on transmission rates, but we also explored 122 the impact on an approximate effective reproduction number (see S1 text).
124
Three model formulations 125 Resistant strains were allowed to have an equal or lower fitness relative to susceptible strains. The 126 mechanisms behind this reduction were estimated to affect two different rates: the transmission rate, 127 the rate of progression to disease, or both ( Figure 1 ). We assumed that the fitness of the resistant 128 strains could not rise above that of susceptible strains due to the data from the household cohort [17].
129
Model 1 (transmission fitness cost model) assumed that fitness costs directly affected the number of 130 secondary infections by reducing the transmission parameter for MDR-Mtb (0 < f 1 < 1, f 2 = 1, Figure   131 1). This is the standard assumption for the effect of resistance on fitness for transmission dynamic 132 models of Mtb [6, 9, 22 ] and other pathogens [23]. Model 2 (progression fitness cost model) assumed 133 that although MDR-TB transmission occurred at the same rate as DS-TB, there is a fitness cost to 134 progression to disease (f 1 =1, 0 < f 2 < 1, Figure 1 ). Model 3 assumed that there was a fitness cost to 135 both transmission and progression, and that the cost was the same for both processes (0 < f 1 = f 2 < 1, 136 Figure 1 ). We could not explore a Model with fitness affecting both processes at differing levels as we 137 did not have data on levels of infection. Without this data, a model with high transmission fitness cost 138 but low progression cost would be equally as likely as a model with a low transmission fitness cost 139 but a high progression cost and hence would be uninformative. Note that fixing either f 1 or f 2 equal to 140 one is the same as ignoring this parameter altogether and leaving the multiplied rate at its background 141 level as they are both scalar constant parameters with no units. 
153
The above randomly chosen time point of entry to the study was taken to be the initial 154 conditions for the simulation of the model that was fitted to the household study [17] (study period).
155
The same values of the four unknown parameters was used as in the pre-study period and the 156 simulation time for each household was randomly sampled (with replacement) from the exact 8 baseline value (Table 2 ). The summary statistic used was the TB incidence from the model falling 171 within the 95% CI for all four TB incidence measures from the data. Uniform priors were assumed for 172 all four parameters (Table 1 ).
173
To estimate the standard deviation required for the MCMC for the four unknown parameters,
174
Latin Hypercube Sampling (LHS) from the prior ranges was initially used (Stage A, S1 text). The 
185
A full sensitivity analysis of the parameters kept fixed in the model fits was not possible due 186 to limitations imposed by computation time. Instead, to determine which further scenarios to explore, 187 we determined the parameters most correlated with TB incidence in our model, and hence likely to 188 have the biggest impact on our model fit and parameter estimates. To determine these parameters, we 189 used LHS to choose 10,000 parameter sets from (uniform) prior distributions for all parameters (Table   190 2). We then ran Model 1 with these 10,000 parameter sets and determined the parameters that were 191 statistically significantly correlated with any of the four TB incidence outputs (Kendall correlation, p 192 < 0.01). These parameters were then used to design two scenarios -one with a combination of these 193 parameters at their prior values which gave highest TB incidence and the combination which gave the 194 lowest TB incidence.
195
We also increased our 10-year initial run-in period for the population to 30 years and explore 196 the impact on the estimates. Furthermore, we explored removing the assumption of saturating 9 household transmission (per capita transmission rate was then not dependent on household size, i.e. 
216
Comparing the external force of infection for DS-vs. MDR-TB we found that the ratio of the 217 two was around 0.5 (median estimate 0.42 / 0.54 / 0.55 from the three models). This single value for 218 the external force of infection (foi) represents a complex set of processes (contact patterns, length of 219 infectiousness etc.) and so cannot be used to determine relative fitness. However, the ratio is in the 220 range that supports our estimates of the relative fitness from the internal household model. The ratio 221 of an approximate effective reproduction number for MDR-and DS-TB also supported our main 222 results (see S1 Text). Our five scenarios gave very similar estimates for the relative fitness of MDR-Mtb (a range of 231 medians from 0.22 -0.41, S1 text). This suggests that the estimates of relative fitness are robust to: 232 increasing the initial proportion of households that were initially infected with latent MDR-Mtb from 233 2% to 10% (in the pre-study), setting TB incidence to high or low levels (see S1 text for parameter 234 details), extending the initial run-in period from 10 to 30 years or removing the saturation of Our results suggest that the average relative fitness of MDR-Mtb strains circulating in households in 240 Lima, Peru in 2010-2013 was substantially lower than that of drug susceptible strains (~40-70% 241 reduction). When a resistance phenotype was assumed to affect both transmission and progression to 242 disease rates, then the relative fitness of MDR-TB strains was ~60%.
243
The strengths of this study are that we were able to fit a stochastic household-level model to 244 detailed location-specific data, accounting for accurate distributions of both household size and study 245 follow-up time. We were also able to differentiate between internal and external transmission, heterogeneities however, mean that our result is (potentially) an average across many different drug 260 resistant strains. It is known that differences in resistance and compensatory mutation combinations 261 result in a diversity in fitness across strains [13] . This diversity is highly important for predictions of 262 MDR-TB levels in the future [28] . Our estimate must therefore be taken as a population average in 263 Lima, at a certain time and indicative of the mean fitness rather than an indicator of the range of 264 potential fitness in the population. If one highly fit MDR-TB strain were to emerge (or were already 13 present), then future prevalence predictions based on our (mean) estimate could be an underestimate.
266
We fitted the model to data with confidence intervals that were derived without fully accounting for 267 the dependency of infection between household members. Improving methods for robust 268 approximation of parameters from mechanistic models that take full account of such dependencies is 269 an important active area of research [29], and will improve future studies of this kind. was to be observed on the progression to disease. We make this assumption in our Model 2, where the 291 hypothesis is that those with active TB disease, whether due to resistant or susceptible bacteria, have a 292 similar bacterial load and hence ability to transmit successfully. However, once successfully 14 established in a new host, resistant bacteria may be less able to combat the immune system and 294 establish a disease state. This has been assumed in a previous model of HIV and MDR-TB interaction 295 [35] .
296
Previous models have assumed that resistant strains could become more fit (i.e. have a 297 relative fitness greater than 1), whilst we capped the relative fitness of the resistant strains at 1, due to 298 the data from previous studies and the literature [13, 36] . Our posterior parameter distributions for the 299 estimated relative fitness parameter (reflected in the 95% CI for f, see S1 text) suggest that this is a 300 valid assumption for the resistant strains circulating at this time in Lima. Importantly, all our 301 estimates are of "relative" fitness, and therefore should be robust to changes in natural history 302 assumptions as these would affect both drug susceptible and resistant strain transmission.
303
Future work will include adding in detail on host and strain heterogeneity to the model. Data Figure 1 ). 
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